Magnetic resonance (MR) diffusion imaging provides a valuable tool used for inferring structural anisotropy of brain white matter connectivity from diffusion tensor imaging. Recently, several high angular resolution diffusion models were introduced in order to overcome the inadequacy of the tensor model for describing fibre crossing within a single voxel. Among them, q-ball imaging (QBI), inherited from the q-space method, relies on a spherical Radon transform providing a direct relationship between the diffusion-weighted MR signal and the orientation distribution function (ODF). Experimental validation of these methods in a model system is necessary to determine the accuracy of the methods and to optimize them. A diffusion phantom made up of two textile rayon fibre (comparable in diameter to axons) bundles, crossing at 908, was designed and dedicated to ex vivo q-ball validation on a clinical scanner. Normalized ODFs were calculated inside regions of interest corresponding to monomodal and bimodal configurations of underlying structures. Threedimensional renderings of ODFs revealed monomodal shapes for voxels containing single-fibre population and bimodal patterns for voxels located within the crossing area. Principal orientations were estimated from ODFs and were compared with a priori structural fibre directions, validating efficiency of QBI for depicting fibre crossing. In the homogeneous regions, QBI detected the fibre angle with an accuracy of 198 and in the fibre-crossing region with an accuracy of 308.
INTRODUCTION
Water molecule displacement imaging, based on diffusion nuclear magnetic resonance (NMR), dates back to the 1970s (Mansfield & Grannel 1973; Grannel & Mansfield 1975) , providing a new technique for tissue microstructure investigation. It relies on the acquisition of several diffusion-weighted images resulting from the application of diffusion-sensitive gradients (Stejskal 1965) . Potential clinical applications of water diffusion magnetic resonance imaging (MRI) were first suggested by LeBihan et al. (1986) , but hardware limitations in NMR systems did not allow its clinical use until the last decade (LeBihan 1991; LeBihan & Basser 1995) .
In the early 1990s, the development of new clinical systems provided with powerful gradient coils (20-40 mT m K1 ), as well as rapid digital receiver systems (high bandwidth), combined with fast acquisition schemes, such as the echoplanar technique, enabled acceptable image resolution from 2 to 3 mm. The most successful clinical application of diffusion MRI has been brain ischemia where diffusion imaging reveals lesions much sooner than conventional T2 imaging (Moseley et al. 1990) .
Technically, diffusion imaging requires the acquisition of a set of water diffusion sensitized images from which molecule displacement probability function is inferred. Several models of water molecule displacement have been designed during the last decade, providing significant information about the order of displacement mobility and directionality of the tissue macrostructure. A first model was introduced by Basser et al. (1994 Basser et al. ( , 1995 , relying on strong assumptions (unrestricted environment, structural homogeneity within voxels) leading to a Gaussian displacement probability function, characterized by a second-order positive symmetrical tensor, in which eigenvectors represent the three major orientations of diffusion of water molecule, and eigenvalues quantify the mobility along these axes. This model represented the first attempt at a local and structural description of the matter. The tensor model is still often used because of its simplicity and its extremely fast acquisition, requiring only seven images to get a first approximation. The diffusion tensor model provides several scalar rotationally invariant parameters among which are the mean diffusivity or apparent diffusion coefficient (ADC; LeBihan & Basser 1995) , and a set of index describing the anisotropy of the underlying structure (relative and fractional anisotropy; ; lattice index and volume ratio; that are quantitative and clinically relevant for brain disorder diagnostics.
A second family of parameters dedicated to tissue orientation inference was guided by a second assumption. This assumption was that anisotropy of the diffusion MR measurement, according to the diffusion sensitization, is strongly linked to the underlying structure (i.e. for brain white matter, water Brownian motion along fibres is easier than across fibres). Consequently, the orientation corresponding to the maximum diffusivity can be considered as the mean local orientation of the tissue, opening a new class of applications: inference of brain white matter connectivity or tractography (Basser 1998; Poupon et al. 1998 Poupon et al. , 2000 Conturo et al. 1999; Jones et al. 2000; Mori et al. 2000; Behrens et al. 2003; Tuch 2004; Parker & Alexander 2005) . Connectivity knowledge is an important tool for clinicians who previously had no in vivo access to bundle structure offering diagnostic tools dedicated to bundle lesions, as well as for neuroscientists enabling correlation of functional and anatomical connectivity maps.
Fibre tracking helped to point out limitations of the diffusion tensor model. Despite major hardware improvements in the clinical systems, the spatial resolution of diffusion data is still several times the size of the smallest bundle size, and is a source of partial volume effects owing to multiple fibre crossing within a single voxel. Unfortunately, tensors cannot efficiently describe fibre crossing. For instance, in the case of two single bundles crossing inside a plane, an oblate tensor is obtained, where first and second eigenvectors cannot help in determining the orientations of both bundles. This situation directly affects tractography reconstructions, which usually follow the direction of the main eigenvector.
Moreover, existence of multiple compartments as well as associated restriction of diffusion cannot be ignored. Thus, both extra-and intracellular compartments characterized by their own fraction and displacement probability function must be taken into account. This observation gave rise to both classes of models dedicated either to solving fibre-crossing problems by providing a better estimation of the local displacement probability, or to the separation of intraand extracellular diffusion components. The first idea was to consider that each bundle or compartment is characterized by its own tensor, yielding multitensorial fits (Niendorf et al. 1996; Pfeuffer et al. 1998; Tuch et al. 1998; Inglis et al. 2001; Parker & Alexander 2003; Wiegell et al. 2003) . However, whether the nonGaussianity is a result of intra/extracellular exchange or restriction remains unresolved. A major improvement was reached with the introduction of q-space imaging (QSI) making the displacement probability an inverse Fourier transform of the MR diffusion signal with respect to the displacement wave vector q (Callaghan 1988 (Callaghan , 1991 Gory & Garroway 1990; Assaf & Cohen 1999) . The lack of understanding about the diffusion process would make q-space the model of choice if not for two limitations. First, the Fourier relationship relies on very short duration and high amplitude diffusion gradients in order to obtain accurate Brownian displacements, which are usually not feasible on a clinical scanner. Second, q-space spectroscopy requires a large amount of data, considerably increasing the acquisition time, thus preventing its clinical use. However, the q-space formalism assisted understanding of tensor models (Basser 2002) , defining more realistic models at high angular resolution. Several high angular resolution descriptions of the diffusion function have been recently developed without any a priori knowledge about the underlying angular structure, such as maximum entropy solutions (Alexander & Jansons 2002) , or methods inherited from QSI, such as diffusion spectrum imaging (DSI), q-ball imaging (QBI; Tuch 2002 Tuch , 2004 Ex vivo validation is also a crucial step for validating models given the a priori knowledge of the reality. However, determining the sensitivity of the model is also important for detecting imaging artefacts and for optimizing acquisition. Astonishingly, few validations have been realized ex vivo with diffusion phantoms. Most validations concerned biexponential tensor models, dedicated to the separation of intra-and extracellular compartments, requiring multicompartmental phantoms (Pfeuffer et al. 1998; Assaf et al. 2004) . Few experiments involving fibre-crossing phantoms have been realized for studying high angular resolution diffusion models. Lin and colleagues measured a fibre-crossing phantom made up of thin capillaries immersed in water, organized in interleaved sheets, with a given angle (Lin et al. 2003) . The deviation angle between the primary and second orientations of the displacement probability function was calculated from a set of diffusion-weighted images, which was compared with both orientations of crossing capillaries. The experiment was conducted on an MR system with high gradient slew-rate and magnitude capabilities delivering 50 times more strength than a clinical gradient coil. However, no validation is yet available for QBI on a clinical scanner. Here, we present an ex vivo validation of QBI using a dedicated fibre-crossing phantom on a standard clinical MR system, demonstrating the adequacy of such a model for inferring the presence of several fibre populations characterized by different structural orientations.
A preliminary study was conducted concerning the choice of the material for fibres. Most studies of the literature use glass capillaries or haemodialyse plastic capillaries. Glass capillaries prevent any bending phantom, whereas haemodialyse capillaries have too large a diameter compared with the diffusion measurement scale. Consequently, plasticity, permeability and size requirements lead us to choose rayon textile filament fibre. In the production of rayon, purified cellulose extracted from trees is chemically converted to xanthate, which is dissolved in diluted caustic soda (viscose process). Cellulose is then regenerated from the solution through a spinneret (http://www.fibersource.com). Permeability is a natural property of cellulose enabling tree assimilation processes, so the first requirement is met, in spite of the fact that no quantitative value of the permeability is available from the manufacturer. For measuring the diameter of rayon filaments, a microscope was used and provided an estimated size close to 17 mm, which meets the second requirement (figure 1). Further measurements should be achieved in the future in order to characterize the variability of that diameter. Unfortunately, we did not find any tubular cellulose fibre, which would have been a perfect myelinated axon model. Nevertheless, rayon filament is a good surrogate for white matter axons because it has a comparable diameter, can be densely packed and is permeable.
METHODS (a) Phantom design
We developed a phantom for simulating fibre crossing inside white matter. In order to be realistic, a diffusion phantom must respect several conditions that are not easily fulfilled for technical reasons. First, fibres must have a diameter close to the myelinated axon size (i.e. 10-20 mm), and must be permeable in order to allow water molecule exchange between both extra-and intracompartments. Second, the artificial fibre crossing should look like realistic anatomical situations encountered with standard diffusion-weighted imaging (i.e. with voxel resolution close to 3 ! 3 ! 3 mm 3 ). As shown in figure 2, the phantom is built from several layers of parallel fibres, stacked on each other in order to form two fibre bundles of 10 mm each side. Two arms maintain the bundles, which can be rotated to set the angle to a given value starting from 30 to 908. Each bundle is strongly tightened to provide a relatively strong local anisotropy. The whole structure is immersed in a solution of distilled water at a temperature of 20 8C. For the experiment, the angle between both bundles was set to 908.
The quality of the water solution must also be taken into account and is strongly connected to MR signal considerations. An MR signal can be characterized by its proton density r, its relaxation times T1 and T2, and its apparent diffusion coefficient D (equation (2.1)). The b-value measures the diffusion sensitization
In order to estimate the average value of T2 on a region of interest containing rayon fibres, spin echo acquisitions were performed with different echo times, followed by a linear fit of the T2-weighted MR signal, giving a T2 close to 90 ms. This value is not far from the white matter T2 value (80 ms), and we did not need doping water with gadolinium. It is interesting to observe that on a region of interest located in water without fibres, the T2 value is close to 1200 ms, revealing the strong effect of the underlying fibre structure on the spin-to-spin interaction. The choice of the echo time value is guided by gradient coil limitations and by diffusion sensitization settings. It was reduced to a minimum value of 52 ms (further details will be provided in §2b), yielding a T2 attenuation factor of 0.56.
A second set of spin echo data was acquired in order to measure the proton density decrease resulting from the use of non-tubular filaments. Measurements were taken with a short echo time (8 ms) and a long repetition time (3 s) on both regions of interest (one containing fibres, and the other containing only water), in order to evaluate the corresponding S 0 (r) values, which must be proportional to proton density. Measurements were corrected from the T2 attenuation factor. We found that the proton density inside fibres is approximately twice as low as inside pure distilled water, which is comparable to the ratio of proton density between brain grey/white matter and pure water.
As a first conclusion, the maximum MR signal magnitude (i.e. without diffusion sensitization) inside fibres can be evaluated to 25% of the MR signal measured inside pure water. This attenuation obviously reduces the signal to noise ratio (SNR), but fortunately, QBI involves many samples that help recover an adequate SNR.
The final factor that can drastically decrease the quality of MR images is the presence of air bubbles within the solution, which create air/water interfaces responsible for local B0 inhomogeneities that are a source of important susceptibility artefacts. Using the echoplanar acquisition technique with long echotrain, susceptibility effects result in large geometrical distortions and modifications of the signal intensity. The standard spin echo pulse sequence is less prone to susceptibility artefacts but the net dephasing of the spins may be considerably increased when too many air bubbles remain, contributing to a significant decrease of the SNR. In order to prevent such drawbacks, the solution is submitted to a specific preparation dedicated to remove putative gas bubbles that consist of a first step of degasification of distilled water under vacuum conditions, followed by a filling operation of the glass container, and, finally, with a sonication process of the solution in order to obtain an almost complete suppression of small bubbles attached to water/glass or bundle/water interfaces. The sonication process consists of plunging a beam inside water that delivers an ultrasonic wave and automatically destroys gas bubbles. This process still needs to be improved because some very small bubbles remain in the solution, such that echoplanar acquisition scheme cannot be used. Nevertheless, this limitation is not a significant issue for ex vivo experiments where a long acquisition time is acceptable. coil, an eight-channel acquisition system, and an eightchannel head surface coil. Data were reconstructed using a sum of squares algorithm.
We note that we used a standard scanner in order to validate QBI with a diffusion phantom under clinical imaging conditions, which is a challenging aspect of this work compared with DSI validation achieved in Lin et al. (2003) , which was realized with a micro-gradient coil delivering up to 1000 mT m K1 . As described previously, echoplanar acquisition cannot be carried out on the diffusion phantom owing to the presence of small air bubbles yielding large susceptibility artefacts. Therefore, we used a standard pulsed gradient spin echo sequence with conventional Stejskal-Tanner diffusion sensitization (Stejskal & Tanner 1965; Tanner & Stejskal 1968 ; figure 3 ).
Sequence parameters were as follows. The field of view was set to 19 cm. The slice thickness was set to 3 mm, including enough layers of rayon fibres crossing at 908. We used a 128 ! 96 acquisition matrix, interpolated during reconstruction to 256 ! 256, leading to 0.74 ! 0.74 ! 3 mm 3 voxels, and we selected 4 interleaved axial slices parallel to the plane containing fibre bundles. Data were reinterpolated to 128 ! 128 matrix yielding 1.5 ! 1.5 ! 3 mm 3 voxels.
Echo time, TE, was set to its minimum possible value 52 ms and repetition time, TR, was chosen considering T1 estimation inside fibres and set to 1000 ms. The total scan time for the dataset was exactly 5 h 36 min.
Diffusion sensitization settings were chosen within the constraints of both hardware limitations and characteristics of the anisotropic structure to be measured. Water solution is characterized by an ADC close to 2.2 ! 10 K9 m 2 s K1 at 25 8C. This value is approximately three times the value of ADC inside white matter and clinical QBI of the brain requires b-values greater than 3000 s mm 2 to obtain correct high angular ODF. Therefore, we decided to use a b-value equal to 1000 s mm 2 . The gradient coil specifications of the system lead to the following Stejskal-Tanner parameters: dZ21.52 ms; DZ26.064 ms; and GZ40 mT m K1 that correspond to the spatial modulation jqjZ(g/2p)dGZ3.58 ! 10 4 m K1 (g is the gyromagnetic ratio, G is the diffusion gradient magnitude corresponding to the nominal maximal gradient strength).
As the diffusion sensitization parameters are known, one can compute the free average displacement sZ ffiffiffiffiffiffiffiffiffi 2Dt p Z 9:12 mm with the diffusion time tZDKd/3Z18.89 ms. This 9.12 mm average displacement must be compared to the fibre spacing achievable with rayon fibres of 17 mm diameter and manual packing technique. A greater displacement sensitivity 
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would have revealed more of the bundle structure anisotropy. However, it should be sufficient for estimating a correct ODF under the assumption of measurement of the diffusion centre of mass (Mitra & Halperin 1995) .
QBI consists in sampling the sphere of radius jqj in the q-space. The corresponding diffusion-encoding scheme constituted 200 diffusion-encoding orientations of the R 3 space. This quasi-uniform set of 200 orientations was built from an electrostatic model of interactions between directions, which accounts for the symmetry of diffusion process ( Jones et al.
1999; see figure 4). (c) q-Ball model
The q-ball model is inherited from q-space method, defining a Fourier relationship between the MR signal E(q), acquired with a specific diffusion weighting characterized by a wave vector q (defining the spatial modulation and equal to (g/2p)dG). The conditional displacement probability p(r) for water molecules to follow a random walk of average deviation r [20] [21] during a diffusion time t (equation (2.2)) can be represented by
To be valid, this property relies on a strong assumption, known as narrow pulse condition, imposing a Dirac shape to the diffusion gradient pulses, which is practically not feasible. However, it has been demonstrated that the use of finite gradient pulse widths leads to the true probability density function up to a scaling factor (Mitra & Halperin 1995) .
The likelihood of any displacement along a specific orientation u of the space is given by the ODF (equation (2.3))
3)
The anisotropic part of the structure can be consequently defined by the min-max normalization of the ODF (equation (2.4) )
Measuring the displacement probability function with a q-space sampling requires a very long acquisition. Instead, Tuch demonstrated that another interesting relationship between diffusion MR signal and ODF can be established, providing a good ODF estimation that does not require integrating the probability density function on an unbounded domain. It is known as QBI (Tuch 2002 (Tuch , 2004 .
The QBI reconstruction is based on the spherical or Funk Radon transform (FRT; equation (2.5)), which, for a given orientation u of the space, involves integrating the diffusion signal over the equator of u on a sphere with the radius q 0 (q 0 is the diffusion wave vector intensity; figure 5)
Replacing E(q) by the q-space equation (2.1) and using cylindrical coordinates (r,q,z) instead of Cartesian coordinates in the displacement space yields the fundamental q-ball approximation of the ODF (equation (2.6)), where the z-axis corresponds to the u-axis, q is the polar angle and r is the distance to u-axis. J 0 (x) is the zeroth order Bessel function (figure 6) FRT q 0 ðuÞ Z 2pq 0 Ð pðr; q; zÞJ 0 ð2pq 0 rÞr dr dq dz zODFðuÞ:
Ideally, J 0 should be a Dirac pulse in order to satisfy the radial projection of the ODF (equation (2.3) ). If we consider the q 0 Z3.58 ! 10 K4 m K1 diffusion wave vector amplitude used for the acquisition on the phantom, then the resulting Bessel function J 0 (0.225r) leads to an intermediate spatial resolution DrZ2.405/(2pq 0 )Z10.7 mm, which seems to be a good compromise between angular resolution of the ODF and SNR. Roughly, the Bessel function can be approximated to its first lobe with a predominant action on the probability density function, ignoring the impact of secondary lobes. Thus, equation (2.6) means that the radial projection on the axis supporting u was replaced by the integration of the probability inside a cylinder of radius equal to 10.7 mm (figure 6), which can be also regarded as a partial voluming effect, resulting in a smoothing operation of the ODF surface.
The q-ball reconstruction algorithm was implemented as described in Tuch (2002) , and can be downloaded with the last release of the BRAINVISA platform (Cointepas et al. 2003) . Principle peak directions were determined with an algorithm that loops over the set of discrete orientations of the q-ball for finding the orientation corresponding to the maximum probability. Once it is detected, the set of orientations contained within a given solid angle (typically a 20-308 aperture angle) around that peak is removed from the set of available orientations to be parsed during the next iteration.
(d) Deviation angles
The diffusion phantom, made up of both fibre bundles crossing at 908, was placed in the magnet in such a way that bundles are aligned with x-and y-gradient axes. Thus, the quadratic discrepancy between the primary orientation of the ODF and the x-or y-laboratory axis in regions containing one single-fibre population, or between the primary and second orientations of the ODF and both x-and y-axes in regions containing fibre crossing, can be established for benchmarking the quality of q-ball model (equation 2.7). o 1 and o 2 represent the primary and second orientations of the ODF. a 1 , a 2 and a 3 are the quadratic angle error over domains Figure 8 . Definition of regions of interest from the T2-weighted image for QBI reconstruction. The red region (ROI 1 ) corresponds to the bundle aligned with horizontal axis. The green region (ROI 2 ) corresponds to the bundle aligned with vertical axis. The blue region (ROI 3 ) corresponds to the fibre crossing. ROI 1 , ROI 2 and ROI 3 correspond to regions of interest containing rayon fibres aligned with the x-axis, the y-axis or both, respectively (i.e. fibre crossing; figure 8) . u x and u y are unitary vectors aligned with the x-and y-axis
3. RESULTS (a) 908 crossing phantom experiment The T2-weighted spin echo image shows both regions with a darker signal resulting from a lower T2 relaxation time intersecting at 908 corresponding to fibre bundles (figure 7a). The fractional anisotropy map is also provided in order to show the presence of anisotropy located in rayon bundles (figure 7b). The RGB colour map, calculated from the diffusion tensor model (Pajevic & Pierpaoli 1999) , reveals the existence of three different regions: a red-coloured region corresponding to the first bundle oriented along the x-axis; a green-coloured region corresponding to the second bundle oriented along the y-axis; and a third region with alternating red/green colour corresponding to the fibre crossing, illustrating the incapacity of tensor model for describing the structure of voxels gathering more than Figure 9 . Three-dimensional renderings of min-max normalized ODF superimposed on T2-weighted map. ODFs were estimated from QBI method. Reconstruction parameters are described in §4. ODF patterns corresponding to ROI 1 and ROI 2 displays one lobe that is consistent with the underlying structure orientation of rayon fibres. ODF shapes inside ROI 3 clearly displays two principle orientations, as shown in zoomed renderings, aligned with horizontal and vertical axis.
Validation of q-ball imaging M. Perrin and others 887 one population (figure 7c). The map of principle eigenvectors depicts the poor estimation of the structure orientation from diffusion tensor imaging (DTI) for fibre-crossing regions, and some good results for regions containing only one population of fibres (figure 7d ). Three regions of interest were chosen for reconstructing ODF from QBI reconstruction, two of which correspond to single population cases (ROI 1 and ROI 2 ), with the third located exactly inside the crossing of fibres (ROI 3 ; figure 8 ).
Figure 9 displays three-dimensional renderings of the min-max normalized ODF superimposed on the T2-weighted image. ODF plots corresponding to single-fibre population cases display one single lobe, while ODF plots corresponding to the crossing display two main orientations along the x-and y-axes. Detected orientations seem to be consistent with the underlying fibre directions (figures 10 and 11), even if imaging conditions (phantom design and gradient coil capacity) do not allow better SNR. In comparison, the diffusion tensor model provides the main eigenvectors, which are coherent with the fibre structure inside single population regions, but the model completely fails to describe regions containing fibre crossings (figure 7d ). fibres, we defined three regions of interest, two regions inside x-and y-bundles, and a third located inside the crossing area (figure 10). The deviation angles (table 1) for each of the three regions were evaluated as a 1 Z19.18 for the bundle oriented along the x-axis (ROI 1 ), a 2 Z15.58 for the bundle oriented along the y-axis (ROI 2 ) and a 3 Z29.88 for fibre crossing (ROI 3 ). The same measurements were taken using the tensor model yielding the following results: the deviation angles for each of the three regions were evaluated to a 1 Z10.38 for the bundle oriented along the x-axis (ROI 1 ), a 2 Z10.08 for the bundle oriented along the y-axis (ROI 2 ) and a 3 Z53.48 for fibre crossing (ROI 3 ).
In the case of single population regions of interest, DTI seems to give better resolution than QBI. This is not surprising since the DTI model is reconstructed from a robust fit involving the only six coefficients of the tensor matrix, while QBI reconstruction is analytically model free, and, consequently, more sensitive to the presence of noise. We must keep in mind that imaging of diffusion phantoms is always more difficult than in vivo brain imaging, so the difference should be less striking with in vivo experiments. However, fibrecrossing locations clearly highlight the net contribution of QBI in comparison with DTI for describing multimodal configurations in the case of ex vivo experiments (figures 7d and 11). However, the reliability of QBI in vivo has yet to be proved.
DISCUSSION
This study aimed to demonstrate the capability of QBI to describe the structural anisotropy of tissue more effectively than conventional DTI, by providing an accurate ODF, even in the context of clinical scanner use where imaging conditions are much less advantageous than for high gradient strength, short field of view MR systems, as used by Lin et al. (2003) . Consequently, although it is not possible to reach orientation accuracy down to the degree order, QBI is sufficiently precise to allow studies of tissue orientation such as white matter fibre tracking or cytoarchitectony studies.
This accuracy relies primarily on scanner performance, phantom design and the QBI method.
The hardware limitations of the gradient coil in terms of maximum strength and slew-rate leads to an echo time not smaller than half of the T2 relaxation time, which directly decreases the SNR by a factor of two.
Phantom design also plays an important role in the SNR decrease. First, rayon fibres are permeable, but they do not have a tubular structure, such as myelinated axons. Therefore, the diffusion is largely restricted to the external cavity made up of the space between filaments. Consequently, the spin density of a voxel is drastically reduced compared with that of tubular structure, and the observed anisotropy remains low (fractional anisotropy was evaluated to 0.2 on FA map; figure 7b) because fibres were manually tightened. This manual operation does not allow for controlling of the average distance between fibres. Therefore, the average free random walk sZ ffiffiffiffiffiffiffiffiffi 2Dt p Z 9:12 mm may be too short compared with measuring a stronger anisotropy. The only possible action for improving this random walk observation is to increase the diffusion time t. However, after several experiments, this potential solution was discarded because it also required increasing the echo time, resulting in a significant decline in SNR. Nevertheless, we were able to consistentently measure the anisotropy of the fibrecrossing structure on the diffusion phantom (figures 9-11). Such results confirm the efficiency of the QBI method for characterizing the structural orientation of tissue. Furthermore, it should be noted that white matter tissue is more suitable than textile fibres for diffusion imaging. This means that the quadratic angular error is probably much better than the 308 we reached with the diffusion phantom.
The QBI method itself affects the theoretical angular accuracy of the ODF. First, the number of diffusion Figure 11 . Main orientations of ODF calculated from QBI model. Red is used for representing orientations of ROI 1 , green for orientations of ROI 2 and blue for orientations of ROI 3 . Vectors for ROI 1 and ROI 2 are aligned with the x-and y-axis, respectively. ODF belonging to the fibre-crossing area present two main lobes, leading to both different orientations of the diffusion process that are globally consistent with the orientations of rayon fibres. This result must be compared with the eigenvector map of tensor model depicted in figure 7. Validation of q-ball imaging M. Perrin and others 889 gradient orientations used during the acquisition influences q-ball reconstruction. The post-processing reconstruction relies on the integration of the MR signal around the equators of discrete orientations u of the ODF. Because it is unlikely that gradient orientations fall exactly on the different equators, an interpolation step of the MR signal is required to smooth the input data. This processing is also necessary for removing noise in the ODF. Unfortunately, however, this processing may mean that some structural information is lost. A low structural anisotropy can lead to variation of the signal comparable to hardware noise. In the phantom experiment, 200 noncollinear gradient orientations were selected. These form a uniform orientation set with 10.098 angular resolution between neighbours when symmetric orientations are taken into account. The number of equator sampling points was arbitrarily set to 100 and the ODF was evaluated at 1000 uniformly distributed points over a sphere, leading to a 6.458 angular resolution. The equator points' interpolation was performed using a Gaussian kernel regression with standard deviation equal to twice the angle between acquisition points (i.e. 20.188). Prior to normalization, diffusion ODFs went through a last Gaussian smoothing step for removing remaining noise on unimodal ODFs. The width of the kernel was set to 208, which corresponds approximately to three times the angular resolution of the ODF sampling scheme. Tuch (2004) demonstrated with simulations that the choice for this kernel width can be accurately determined for removing only sharp peaks without smoothing or merging true diffusion lobes. The limitation of angular accuracy of ODF modes can also be explained by the approximation of the radial projection that is replaced by an integration over a cylindrical domain, introducing information about displacement probabilities not measured exactly along the concerned modes. In the phantom experiment, the diameter of the cylinder was evaluated as 10.7 mm (see §2). This radial spatial resolution results from a compromise between SNR and angular resolution. Since bundles are crossing at 908, a poor radial spatial resolution does not significantly influence the position of main lobes of the ODF. In the future, it would be interesting to study the effects of this radial projection approximation more precisely.
In conclusion, the average angular resolution estimated between 15 and 308 according to the number of peaks to be detected seems to be reasonable compared with scanner performances, diffusion phantom realism and model assumptions. Further work has to be carried out for improving the quality of diffusion phantom.
Several other high angular resolution diffusion models are worth being tested, such as DSI (Tuch 2002 ), spherical deconvolution model (Tournier et al. 2004) , maximum entropy solutions or persistent angular structure model (Alexander & Jansons 2002 , Jansons & Alexander 2003 ) and the CHARMED model (Assaf et al. 2004) . All algorithms have their own advantages and drawbacks, but QBI does not make any analytical assumption about the underlying structure. This is a significant advantage compared with other methods that depend on analytical expressions that often need strong structural assumptions in order to provide good convergence of reconstruction algorithms. However, as in other models, the QBI model is only able to describe some configurations of heterogeneous orientation structure. QBI can efficiently deduce fibre crossing when it corresponds to both bundles of almost equivalent size, but it fails, for instance, to depict fan configurations where fibres are splitting or merging, because anisotropy falls below the level of noise and angular resolution is not sufficient for describing the distribution of orientation peaks. In conclusion, it is important to point out that rayon phantom provides an excellent model to study fibre fanning or bending configurations.
